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Abstract - Heart Disease (HD) continues to be among the top causes of death globally, and there is a need for precise and timely 

prediction models to aid clinical decision-making. This research suggests a new hybrid deep learning model by combining 

Convolutional Neural Networks (CNN) with Long Short-Term Memory (LSTM) networks to enhance the predictive accuracy of 

heart disease diagnosis. The model utilizes CNNs to extract spatial features from structured and time-varying clinical 

information, while LSTM and Bi-directional LSTM (Bi-LSTM) layers extract temporal dependencies and sequential patterns. 

Three configurations of architectures were tested: (i) CNN with 4 convolutional layers and a 2-layer LSTM with 64 units, (ii) 

CNN with 3 convolutional layers (32 filters) and a Bi-LSTM (64 units), and (iii) CNN with 5 convolutional layers (64 filters) 

and a single LSTM layer with 128 units. The performances were evaluated with regard to typical metrics accuracy, precision, 

recall, F1-score, and ROC-AUC score. Results showed that the Bi-LSTM-based setup obtained the best performance with an 

ROC-AUC value of 0.94 and high values for all the other measures. The results indicate that an equally balanced model structure 

with moderate complexity and bidirectional temporal learning yields the best predictive performance. The hybrid model holds 

the promise to be incorporated into clinical decision support systems to detect heart disease more accurately and in a timely 

fashion. This strategy is involved in the creation of intelligent diagnosis tools that can assist physicians in the identification of 

risky patients and in mitigating the burden of cardiovascular disease worldwide. 

 

Keywords - Heart Disease Prediction, Hybrid Model, Convolutional Neural Networks, Long Short Term Memory, Attention 

Mechanisms. 

 

1. Introduction  
Cardiovascular Disease (CVD) is the leading cause of 

death worldwide and claims 17.9 million lives annually. 

Conditions included are coronary heart disease, 

cerebrovascular disease, rheumatic heart disease, and other 

respiratory diseases. They are a collection of cardiovascular 

diseases of the heart and blood vessels [1]. Of these, coronary 

HD is most common and usually most lethal. Early and precise 

prediction of heart disease is an important factor in avoiding 

related morbidity and mortality by means of early medical 

intervention and lifestyle change. Despite this, diagnosing and 

predicting heart disease pose a colossal challenge to the 

practice of medicine due to the heterogeneity of etiology, 

instability of presentation, and often insidious evolution of 

symptoms [2]. 

 

The conventional diagnosis of heart disease is highly 

dependent on a process involving clinical experience, patient 

history, physical examination, and some tests like 

Electrocardiograms (ECG), echocardiography [3], cardiac 

MRI, blood tests, and stress tests. Although they provide 

useful information, the disease is often not diagnosed early 

enough, nor are patients always correctly identified as being 

of the highest risk. In addition, the growing accessibility of 
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large health data, e.g., Electronic Health Records (EHRs) [4], 

wearable sensor data, and imaging, has introduced new 

challenges in data analysis and interpretation, and intelligent 

tools to process and interpret high-dimensional, time-

dependent data are needed. 

 

During the past decade, the emergence of Artificial 

Intelligence (AI) [5] and DL [6] has been shown to have 

revolutionary power in medical diagnosis. These technologies 

facilitate computer-aided extraction of advanced 

representations and patterns from unprocessed clinical data to 

assist diagnostic efficiency and accuracy. DL methods, 

particularly CNNs [7] and Recurrent Neural Networks 

(RNNs) [8], such as LSTM networks [9], have already been 

found to be of monumental potential to employ in biomedical 

tasks since they have the capability of extracting spatial and 

temporal relationships among datasets. 

 

Image processing and identifying spatial features are 

areas where CNNs have distinguished themselves [10].  In 

clinical diagnosis, CNNs have been used to a wide extent to 

deal with medical images such as MRI, CT scans, and 

echocardiograms with high potential to detect anomalous 

structures and patterns. They are programmed to learn spatial 

feature hierarchies automatically and dynamically from input 

through several convolutional layers, pooling layers, and 

Activation Functions (AFs). When used in the context of order 

or multivariate clinical information, CNNs may be able to 

detect patterns in the data that are not easily discovered by 

traditional statistical techniques or surface models of learning. 

LSTM networks, however, are designed RNNs to utilize to 

process temporal dependencies of sequence data [11]. 

 

LSTMs addressed the vanishing gradient problem that 

confronted RNNs to allow the model to learn long-term 

dependencies. This makes LSTMs extremely well-suited to 

time-series modeling like ECG signals, vital sign trends, or 

longitudinal patient records. Further, Bi-directional LSTM 

(Bi-LSTM) [12] networks are better than the normal LSTMs 

as they take the input sequence during both the forward pass 

and the reverse pass. This two-pass strategy enables the model 

to acquire dependencies that are possibly lost through 

considering just chronological order alone, enhancing the 

prediction accuracy of issues where earlier and later 

contextual information at points in time matters. Out of 

LSTMs' and CNNs' respective strengths being complementary 

to one another, hybrid structures incorporating combinations 

of both models have come forth as a more general approach 

towards tackling difficult biomedical prediction problems. 

Such hybrid models utilize the spatial learning ability of 

CNNs and the sequential modeling ability of LSTMs and are, 

therefore, most suitable for clinical data sets having both 

spatial and temporal content. In HD prediction, such models 

can input static patient information (e.g., demographics, lab 

values) and dynamic signs (e.g., time-series vital signs, ECG 

waveforms) concurrently, leading to more stable and efficient 

diagnostic outputs [13]. The model can potentially be 

incorporated into Clinical Decision Support Systems (CDSS) 

[14] in which it can help doctors make precise, data-driven 

inferences regarding patient health, leading to better clinical 

outcomes and resource utilization.  

 

This study will introduce a new hybrid deep learning 

framework that combines CNN & Bi-LSTM to predict heart 

disease from either structured (i.e., ECG) or sequential (i.e., 

Electrocardiograms) clinical datasets. Most existing models 

use CNNs separately from LSTM for the purpose of either 

deriving spatially invariant features or modelling the temporal 

relationships of cardiac arrhythmias. Unlike these studies, the 

present study develops a single unified architecture that 

integrates the spatial and temporal capabilities of both CNNs 

and LSTMs. Virtually all previous hybrid models have relied 

on using only unidirectionally learned temporal features, as 

well as limited feature fusion approaches that have prevented 

them from developing sophisticated capture of clinical 

interdependencies. Conversely, the framework will employ 

bidirectionally learned temporal features, thereby improving 

context knowledge of cardiac events. Additionally, we will 

demonstrate that the proposed model outperforms current 

state-of-the-art methodologies across all quantifiable 

evaluation metrics, thereby filling the previously identified 

gap in the literature. 

 

Although the existing methods of CNN-based systems 

mostly focus on extracting features from spatial data, these 

same methods do not adequately replicate long-term temporal 

dependencies in sequential medical records. On the other 

hand, LSTM-based models will include representations of 

temporal relationships among medical records, but often do 

not adequately represent spatial correlations when modelling 

medical information that contains structured features. A 

relatively new approach that combines CNN and LSTM is not 

able to overcome the problem of unidirectional temporal 

learning and feature fusion strategies. As such, there is an 

obvious research opportunity for a unified approach to 

combining the spatial representation of medical records from 

CNNs with the temporal representations of medical records 

through bidirectional LSTMs in order to improve the ability to 

predict cardiac risk accurately. 

 

Research Question and Problem Statement: How does a 

hybrid CNN-LSTM framework with bidirectional LSTM 

influence the predictive accuracy of heart disease diagnosis 

using structured and time-varying clinical data? The problem 

is stated as follows. 

 

The prediction of heart disease is limited by conventional 

statistical and machine learning models, which inadequately 

consider temporal dependencies along with the correlations 

and dependencies among features. Therefore, there is a need 

for hybrid deep learning models capable of considering spatial 

features and examining temporal trends in clinical and time-
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varying data. This dissertation addresses these shortcomings, 

highlights, and evaluates optimized CNN-LSTM frameworks 

to provide supportive evidence to assist health care providers 

with early and accurate detection of heart disease, and 

ultimately change determinant aspects of clinical decision-

making. The objectives of the study are as follows: 

 

 To design and implement a hybrid DL model that 

effectively integrates spatial feature extraction (via 

CNNs) with temporal pattern recognition (via LSTM and 

Bi-LSTM networks) using structured and time-varying 

clinical data. 

 To compare and analyze the performance of three varying 

CNN-LSTM architectural configurations with different 

numbers of convolutional layers, filter sizes, and 

LSTM/Bi-LSTM layers on classification metrics, 

including accuracy, precision, recall,  F1-score, and ROC-

AUC. 

 To identify the optimal model configuration for HD 

classification tasks that optimizes predictive power and 

architectural simplicity. 

 To illustrate the practicability and promise of applying the 

presented model to real-time medical decision support 

systems for automatic prediction of HD. 

 To help extend the research frontier of medical AI and DL 

by investigating hybrid models that may be extendable to 

other illnesses and diagnostic tasks, including structured 

and sequential health data. 

 

The rest of the paper is structured as follows.   Section 2 

gives a summary of the literature on HD prediction using ML 

and DL methods. It touches upon CNNs, LSTMs, and the 

application of hybrid models in medical diagnosis, mentioning 

areas where there are research gaps that this research intends 

to bridge. Section 3 summarizes the dataset, preprocessing 

techniques, model architecture formulation, and execution of 

the three hybrid model instances. Section 4 presents 

experimental results comparing the performance of the three 

configurations in standard classification measures.  Section 5 

concludes the findings, restates the contributions to the work, 

and outlines directions for extending the model's application 

to additional datasets, diseases, or deployment in real-world 

systems. 

 

2. Related Works 
Recent literature highlights the increasing utilization of 

hybrid deep learning solutions for heart disease and 

cardiovascular risk prediction. CNN-LSTM and Bi-LSTM 

models often enhanced with attention, SMOTE, or 

transformers are generally superior at capturing spatial and 

temporal information from clinical data, ECG, and heart sound 

signals. For example, Gray Wolf Optimization and Eurygaster 

Optimization, with feature selection, optimization with deep 

belief networks, both improve the efficiency and accuracy of 

models. It is concluded from the literature that hybrid deep 

learning frameworks hold promise for early and reliable 

diagnosis of cardiovascular disease, and can tackle the issues 

of unbalanced data, complex interactions of features, and 

sequential dependencies. 

 

Bhavekar et al. (2022) devised a hybrid DL approach for 

the classification of HD. RNN and LSTM hybrid approaches 

have been applied to the classification of synthetic data 

through a variety of cross-validations.  Additionally, a variety 

of ML and soft computing approaches will be employed to 

evaluate the system's performance. Deep hybrid learning 

outperforms both traditional DL and ML methods if employed 

separately [15]. 

 

Lilhore et al. (2025) introduce a novel CNN-Bi-LSTM 

hybrid model that combines the SMOTE with an attention-

driven enhanced CNN-RNN architecture to enhance heart 

sound categorization, particularly from unbalanced datasets. 

In order to enhance the architecture by obtaining contextual 

information from both previous and subsequent time 

sequences, the study combines a Bi-LSTM network with an 

enhanced CNN to efficiently extract global and local 

characteristics [16]. 

 

Shi et al. (2022) suggest an ECG-based Attention 

mechanism enabled a Bi-LSTM (ABLSTM) model to 

automatically identify Congestive Heart Failure(CHF) in 

IoMT systems. This approach efficiently extracts complex 

characteristics of ECG signals and carries out detection by 

utilizing the model features that can store both short-term and 

long-term signal information, as well as the AM's adaptive 

learning capabilities in local features [17]. 

 

Albathan et al. (2024) suggest an innovative hybrid 

method for predicting Heart Attacks (HA) utilizing LSTM 

networks, robust data mining, and deep belief networks 

(DBNs) with attention mechanisms. The Kaggle, PhysioNet, 

and UCI datasets are used to predict HA. To produce a reliable 

and thorough prediction model, the hybrid model architecture 

employs DBNs for feature representation and selection, and 

LSTM networks for sequence learning [18]. 

 

Hao et al. (2025) developed a CNN and transformer 

hybrid model for the diagnosis and prognosis of HD. The 

Transformer's strong capacity for sensing global relations and 

CNN's power in identifying local features allow the model to 

identify HD risk factors from high-dimensional life history 

data effectively. This illustrates how well it handles 

unstructured and multi-dimensional data [19]. 

 

Shrivastava et al. (2023) employ CNN & Bi-LSTM to 

address the imbalance issue and build a hybrid model based 

on DL techniques for determining if a person has HD and 

offering awareness or a diagnosis based on that prediction. 

The study uses a CNN-BiLSTM for classification and an 

additional tree classifier for feature selection [20]. 
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Rahman et al. (2023) predict CVD risk using an 

innovative self-attention-based transformer model, which 

integrates transformer networks with self-attention 

techniques. Self-attention layers are able to effectively model 

complex patterns in the data by generating representations and 

extracting contextual information. Interpretability is 

facilitated through self-attention mechanisms, which apply a 

particular degree of attention weight to every input sequence 

element.   To achieve relevant data, this involves modifying 

the input and output layers, inserting more levels, and 

reconfiguring the attention processes. Moreover, this assists 

physicians in comprehending which data variables affected 

the predictions of the model [21]. 

 

Saheed et al. (2024) propose a novel, effective, real-time 

technique for diagnosing Cardiovascular Disease (CVD) 

using Supervised ML (SML) hyperparameter tuning. To make 

feature selection easier, the study uses an Attention 

Mechanism (AM) in conjunction with a new adaptation of the 

BiLSTM model. The SageMaker cloud environment is used to 

outsource the model's deployment at scale. The proposed 

model's simplicity is ascribed to its lower computing 

complexity [22]. 

 

Ramesh et al.(2024) proposed the Convolutional LSTM 

(O-SBGC-LSTM), which is improved by the Eurygaster 

Optimization Algorithm (EOA), as a way to tune 

hyperparameters for the early identification and prevention of 

diabetes illness. This method explores the co-occurrence 

relationship between the spatial and temporal domains and 

captures discriminative features in spatial configuration and 

temporal dynamics [23]. Table 1 provides the related studies 

pertaining to the present study.  

 

Table 1. Studies in the literature for HD prediction 

Author (Year) Method Strengths Limitations 

Bhavekar et al. 

(2022) 

Hybrid DL using RNN and 

LSTM with cross-

validation on synthetic 

data 

Effective combination of DL 

models; improves classification; 

robust evaluation 

Use of synthetic data may 

not generalize well to real-

world clinical scenarios 

Lilhore et al. (2025) 

CNN-BiLSTM with 

SMOTE and attention 

mechanism 

Handles unbalanced datasets; 

combines local/global features; 

uses contextual time sequence 

information 

Increased model 

complexity; SMOTE may 

introduce noise 

Shi et al. (2022) 

ECG-based Attention-

enabled BiLSTM 

(ABLSTM) 

Captures both short- and long-

term dependencies; strong local 

feature learning via attention 

Specific to ECG signals, 

computationally intensive 

in IoMT scenarios 

Albathan et al. 

(2024) 

Hybrid model with LSTM, 

Deep Belief Networks 

(DBNs), and attention 

Uses multiple datasets; strong 

feature representation and 

sequence learning 

The model may be too 

complex for real-time use; 

it requires fine-tuning 

Hao et al. (2025) 
CNN + Transformer for 

diagnosis and prognosis 

Effectively processes high-

dimensional, unstructured data; 

strong global and local feature 

extraction. 

High computational cost; 

transformer training data-

dependent 

Shrivastava et al. 

(2023) 

CNN-BiLSTM hybrid with 

tree-based feature selection 

Addresses class imbalance; adds 

interpretability via a tree 

classifier; combined temporal 

and spatial features 

Potential overfitting; 

interpretability is still 

limited compared to rule-

based systems 

Rahman et al. (2023) 

Transformer with self-

attention for CVD 

prediction 

High interpretability; strong 

contextual learning; adaptable 

attention layers 

Requires large data for 

effective training; complex 

for smaller devices or edge 

deployment 

Saheed et al. (2024) 

BiLSTM + attention + 

SML with hyperparameter 

tuning on SageMaker 

Lightweight and real-time 

capable; cloud scalability; 

attention mechanism simplifies 

feature selection 

Dependent on cloud 

environment; not 

benchmarked against other 

scalable real-time systems 

Ramesh et al. (2024) O-SBGC-LSTM 

Captures both spatial and 

temporal features; optimization 

improves accuracy. 

Primarily applied to 

diabetic illness, complex 

optimization may not 

generalize easily to HD. 
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Recent progress in HD forecasting has more and more 

utilized hybrid deep learning models that integrate models 

including CNNs, LSTMs, Bi-LSTMs, attention mechanisms, 

and transformers to achieve better diagnostic performance. 

These approaches are ideally adapted for extracting both 

spatial and temporal features in intricate biomedical signals 

such as ECG and heart sounds. Transformer and attention 

models are employed to improve the interpretability and 

efficiency of the model by concentrating on important data 

and long-distance dependencies. For addressing dataset 

imbalance issues that occur in the majority of medical data, 

algorithms like SMOTE are applied for over-sampling 

minority classes. Some works also prioritize real-time 

deployment capability along with interpretability for 

applications in Internet of Medical Things (IoMT) and cloud 

environments. Still, some research gaps remain.  

 

Most models are calibrated using synthetic or benchmark 

data, which restricts the applicability of the models to various 

real-world clinical situations. High computational expense 

also restricts the applicability in low-resource or real-time 

settings. One uniform set of evaluation metrics does not exist, 

and hence, directly comparing across models is impossible.  

Most existing methods also utilize single-modal data, while 

effective multi-modal data fusion is not well-explored. End-

to-end deployment pipelines covering all the stages from data 

acquisition to clinical decision support are rarely considered. 

Explainability, although partially augmented by attention 

mechanisms, is still not fully integrated to the extent of clinical 

validation necessities. Lastly, the majority of studies target 

binary classification rather than disease progression or staging 

modeling, which is essential in preventive cardiology. 

Overcoming the above limitations can lead to more robust, 

scalable, and clinically useful AI-based diagnostic tools. 

 

3. Methodology 
A hybrid DL method is suggested in this study that 

employs CNN, LSTM, and Attention Mechanisms (AM) for 

the prediction of HD. This study investigates a novel hybrid 

DL approach that leverages the strengths of both CNN and 

LSTM models to better predict HD. The new system is meant 

to handle structured clinical data that entails time-related 

attributes, learning spatial as well as sequential attributes to 

make intelligent predictions in HD probability. The hybrid 

architecture features early feature extraction using a CNN 

module, subsequent LSTM or Bi-LSTM layers extracting 

temporal dependencies from data. Three model settings were 

constructed and used in experimentation of the proposed 

method's efficiency: 

 CNN-LSTM Configuration I: Four-layer CNN followed 

by two-layer Bi-LSTM with 64 units. The first setting 

targets greater spatial features and average sequential 

learning capacity. 

 CNN-BiLSTM Configuration II: A three-layer 32-filter 

CNN and a single 64-unit Bi-LSTM layer. This 

configuration explores the influence of bidirectional 

sequence learning along with shallow CNN depth. 

 CNN-LSTM Configuration III: A more intricate CNN 

with five convolutional layers (with 64 filters) and one 

LSTM layer of 128 units. This configuration explores the 

influence of model intricacy on prediction accuracy. 

 

Data preprocessing, feature extraction, design of the 

hybrid model, training, evaluation, and comparison against 

existing standard models are conducted.  

 

3.1. Dataset Description 

In this research, publicly accessible datasets for HD, 

predominantly the Cleveland HD dataset [24] from the UCI 

ML Lab, are used. The dataset comprises roughly 300 to 1000 

patient records, and each record has 13 to 15 clinical features 

pertaining to heart health. Age, gender, type of chest pain, 

resting Blood Pressure(BP), serum cholesterol, fasting blood 

glucose, resting ECG results, peak heart rate attained, 

exercise-induced angina, and ST depression (oldpeak) are 

among the most important variables. The target variable is 

binary in nature, indicating the presence (1) or absence (0) of 

HD. This dense set of clinical parameters provides a suitable 

foundation for building and validating predictive models. 

Table 2 presents the most important features in the HD dataset, 

which are helpful in predicting HDs. 

 
Table 2. HD dataset-Key attributes and their description 

Attribute Description 

Age Age  in years 

Sex Gender  (0  for female, 1for male) 

Chest Pain Type  

Type of chest pain 

(0: typical angina, 1: atypical 

angina, 2: non-anginal pain, 3: 

asymptomatic) 

Resting BP 
Resting  BP when admitted to the 

hospital 

Serum Cholesterol Serum cholesterol level in mg/dl 

Fasting Blood Sugar  
Fasting blood sugar > 120 mg/dl 

(1 = true; 0 = false) 

Resting ECG Results  

Results from the resting ECG (0, 

1, 2 indicating different 

abnormalities) 

Maximum Heart Rate 

Achieved  

The highest heart rate achieved 

during the exercise test 

Exercise-Induced 

Angina  

Exercise-induced angina (1 = yes; 

0 = no) 

ST Depression  

Depression in the ST segment 

observed after exercise relative to 

rest, indicating ischemia 

 

3.2. Data Preprocessing 

Prior to training the model, some preprocessing had 

already been done in certain sections for maintaining the 

quality of the data as well as for enhancing the performance of 
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the model. Missing values of the dataset were dealt with by 

replacing the mean value for numeric attributes and the mode 

value for categorical attributes. In order to normalize the data 

and for faster convergence of the model, the numerical 

characteristics are normalized using Min-Max scaling with 0 

to 1 range values. Category features were mapped by one-hot 

encoding to machine-readable values. The dataset was divided 

into training and test sets, with 20% going toward testing and 

80% going toward training. Furthermore, 5-fold cross-

validation was used in training to improve the robustness and 

generalizability of the model so that the model would be able 

to perform well on various subsets of data. 

 

3.3. Hybrid Model Architecture 

The hybrid DL model that has been proposed combines 

CNN, LSTM, and Attention mechanisms to better predict HD 

based on extracting spatial and sequential patterns from 

clinical data. First, raw tabular data is reshaped into a 2D 

format to be used with CNNs. The CNN module uses 1D 

convolutional layers to capture local interaction features, 

followed by ReLU activations and 1D max-pooling operations 

to downsample and promote valuable patterns. The obtained 

features are fed into the LSTM module, which excels at 

capturing sequential dependencies and intricate feature 

interdependencies with respect to time. To avoid overfitting, 

dropout regularization is added after the LSTM layer. Then, 

an attention mechanism is utilized to provide dynamic weights 

to features to allow the model to concentrate on the most 

relevant clinical attributes affecting HD prediction. This self-

attention layer enhances model performance and 

interpretability. Finally, the output layer, having a sigmoid 

Activation Function (AF), takes the learned feature 

representations and passes them to the fully connected dense 

layers to predict the probability of HD. The hybrid technique 

performs better than traditional ML models in the predictive 

ability of CNNs, LSTMs, and attention. The overall workflow 

of the hybrid architecture is shown in Figure 1. 

 
Fig. 1 Overall workflow of the proposed hybrid model 

 

3.3.1. Convolutional Neural Network (CNN)  

In the suggested framework, the clinical tabular 

information was initially reshaped into a 2D form suitable for 

processing by CNNs.This redesign enables the model to take 

advantage of spatial interactions between features. The CNN 

module starts with 1D convolutional layers, which are 

designed to automatically learn local feature patterns and 

correlations between adjacent clinical attributes. The 

workflow for the CNN is shown in Figure 2.  

 

 
Fig. 2 Workflow of CNN 

 

Mathematically, the convolution operation on an input 

vector x and a kernel w can be formulated. 

 

𝑦[𝑖] = (𝑥 ∗ 𝑤)[𝑖] = ∑ 𝑥[𝑖 + 𝑘]. 𝑤[𝑘]𝑘=1
𝑘=0                         (1) 

 

In equation (1), K is the kernel size, i is the position index, 

and y[i] is the output feature map. After convolution, the 

Rectified Linear Unit(ReLU) AF is defined as  

 

𝑅𝑒𝐿𝑈(𝑧) = max⁡(0, 𝑧)                      (2) 

 

Is used element-by-element to give the model non-

linearity, which enables it to learn intricate representations. 

The feature maps are downsampled using 1D max-pooling 

layers after activation, which lowers their dimensionality 

while keeping the most important data. 

 

Max pooling over a window size p selects the maximum 

value within each window, formally.  

 

𝑦[𝑖] = max⁡(𝑥[𝑖], 𝑥[𝑖 + 1], … . 𝑥[𝑖 + 𝑝 − 1])                     (3) 

 

This convolution-pooling pipeline effectively extracts 

robust, localized patterns from clinical data, which are then 

passed to the subsequent LSTM methods for further temporal 

dependency modeling [25]. 

 

3.3.2. Long Short-Term Memory (LSTM) 

Following feature extraction through the CNN module, 

the feature representations are input into an LSTM network. 

Long-term dependency learning is possible using LSTMs, a 

unique kind of RNN, and sequential relationships between 

input features, which are critically relevant for learning how 

clinical attributes may interact to influence HD risk over time. 

The vanishing gradient issue is addressed with LSTMs, which 

employ gates to control information flow in contrast to 

conventional RNNs.  An LSTM unit has three primary gates: 

the input gate, forget gate, and output gate. The operations in 

an LSTM cell at time step t are mathematically expressed as: 

Forget gate :  

 

𝑓𝑡=⁡𝜎(𝑊𝑓⁡. [ℎ𝑡−1 ,𝑥𝑡] + ⁡𝑏𝑓)                      (4) 

Input CNN Maxpooling

LSTMAttentionDense

Output 

Reshaped 
Tabular 

Data

Convolutional 
Layer 

ReLU

Output 
Layer
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Input Gate :  

𝑖𝑡 = ⁡𝜎(𝑊𝑖 ⁡. [ℎ𝑡−1 ,𝑥𝑡] + ⁡𝑏𝑖)                  (5) 

 

𝐶̂𝑡 = tanh⁡(𝑊𝑐 ⁡. [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝐶                  (6) 

 

Cell state update:  

𝐶𝑡 = 𝑓𝑡 ∗ 𝐶𝑡−1 + 𝑖𝑡 ∗ 𝐶̂𝑡                  (7) 

Output gate: 

𝑜𝑡 = ⁡𝜎(𝑊𝑜⁡. [ℎ𝑡−1 ,𝑥𝑡] +⁡𝑏𝑜)                  (8) 

 

ℎ𝑡 =⁡𝑂𝑡 ∗ tanh⁡(⁡𝐶𝑡)                  (9) 

 

In the above equations, 𝑥𝑡 is the input at time t, ℎ𝑡−1 is the 

hidden state from the previous time step, 𝑊𝑓 ,𝑊𝑖 ,𝑊𝐶 ,𝑊𝑜⁡ are 

the weight biases, 𝑏𝑓 , 𝑏𝑖 , 𝑏𝐶 , 𝑏𝑜⁡ are the bias terms, 𝜎 is the 

sigmoid AF, tanh is the hyperbolic tangent AF, and *=is the 

element-wise multiplication [26]. 

 

3.3.3. Attention Mechanism 

Following the feature representations through the LSTM, 

a self-attention mechanism is utilized to further the methods 

on the most important clinical features that define HD.  

 

The attention mechanism allows the technique to allocate 

varying weights to various areas of the input data rather than 

treating all features uniformly. In other words, it dynamically 

adjusts each attribute in making the detection. 

 

In a self-attention layer, each input feature will get to talk 

to every other feature so as to come up with an attention score. 

Formally, given an input matrix X, the attention method 

comes up with three matrices: Query (Q), Key (K), and Value 

(V) through learned linear transformations. 

 

𝑄 = 𝑋𝑊𝑄, K=X𝑊𝑘 ⁡, 𝑉 = 𝑋𝑊𝑉                (10) 

 

In equation (10) 𝑊𝑄 ,𝑊𝐾 ,𝑊𝑉,⁡ they are trainable weight 

matrices. The attention scores are calculated with the scaled 

dot product.  

 

𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄, 𝐾, 𝑉) = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(
𝑄𝐾𝑇

√𝑑𝑘
)V                   (11) 

 

In equation (11) 𝑑𝑘 is the key vectors' dimensionality. The 

attention scores are standardized across all features thanks to 

the softmax function.  

 

This mechanism allows the model to selectively "pay 

attention" to notable clinical features such as type of chest 

pain, BP, and cholesterol while predicting, improving 

interpretability, and predictive accuracy.  

 

By learning what features have the most influence, the 

model not only improves but also provides insight into what 

is most important for HD [27]. 

3.3.4. Fully Connected Layers 

Finally, after the feature representation has been extracted 

and transformed by the CNN, LSTM, and Attention modules, 

the last operation of the hybrid model is the use of fully 

connected (dense) layers. The dense layers are employed to 

further continue abstractions and blend the learned features in 

an attempt to assist with classifying the final output. Two 

heavy layers are employed, both of which are preceded by the 

ReLU (Rectified Linear Unit) AF that introduces non-linearity 

to the model. The ReLU function is given by: 

 

𝑅𝑒𝐿𝑈(𝑧) = max⁡(0, 𝑧)                   (12) 

  

And allows the method to learn complicated patterns 

through sparse activation and fast gradient propagation. 

 

The dense layer of output has only a single neuron with 

sigmoid activation. The sigmoid function gives any value 

between 0 and 1, and it is the perfect function to be used for 

binary class problems, such as the presence of HD (1) or its 

absence (0). Sigmoid function can be represented 

mathematically as: 

𝜎(𝑧) =
1

1+𝑒−𝑧
                    (13) 

 

In equation (10), z is the input to the neuron. A threshold 

is then imposed over this probability (usually 0.5) to yield the 

final class output. This application of dense layers, along with 

an output sigmoid unit, provides a safe, interpretable, and 

probabilistic output in medical diagnosis. 
 

4. Results and Analysis  
The effectiveness of the suggested hybrid DL model was 

assessed by comparing it with the preliminary models, such as 

Logistic Regression (LR), Random Forest (RF), XGBoost, 

standalone LSTM, and standalone CNN models.  A 

straightforward yet effective baseline consisted of machine 

learning models like LR, a common linear classifier with wide 

applicability for binary classification tasks.   
 

Additionally, RF was used, an ensemble technique that 

builds a collection of decision trees and averages their 

predictions to improve prediction and prevent overfitting. 

Additionally, XGBoost, a powerful gradient boosting 

algorithm with high efficiency and strong performance on 

structured data, was incorporated as a standard against more 

sophisticated ML methods.   
 

For the DL component, individual models were 

constructed using LSTM and pure CNN networks according 

to their respective capabilities.  While the single LSTM 

retrieved sequential dependencies among clinical 

characteristics, the single CNN was used to extract local 

patterns of features.  A thorough understanding of how much 

performance is improved by combining CNN, LSTM, and 

attention mechanisms can be obtained by comparing the 

hybrid model to existing techniques. 
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The experiments were carried out utilizing Python with 

Tensorflow and Keras libraries on High-Performance 

Computing (HPC) hardware with NVIDIA GPUs. GPU 

acceleration allowed for efficient training of the operation of 

deep learning models. Random seeds were maintained 

consistently to ensure reproducibility. The experiments will 

use the same hardware and software to maintain consistency 

and the reliability of results. 

 

Data from the HD and cardiovascular disease data sets 

were used in the tests. HD is predicted using a number of 

health indicators from the dataset. Class 0 showed the absence 

of an illness, whereas class 1 indicated its presence. These 

characteristics were used in the classification process.  The test 

data set is used to evaluate the algorithm's efficacy after it has 

been trained using the suggested hybrid approach, utilizing the 

training data set.  Data sets are divided 80:20 between training 

and testing. Table 3 provides the list of hyperparameters used 

in this experiment.  

 
Table 3. Hypermeters used in this study 

Component Hyperparameter Value/Setting 

CNN Module 
Number of Conv1D 

Layers 
2 

 
Filters per Conv1D 

Layer 
64, 128 

 Kernel Size 3 

 AF ReLU 

 
MaxPooling1D Pool 

Size 
2 

LSTM Module Number of LSTM 

Units 
128 

 Dropout Rate 0.3 

Attention 

Mechanism 
Attention Type Self-Attention 

Fully 

Connected 

Layers 

Number of Dense 

Layers 
2 

 
Neurons /Dense 

Layer 
64, 32 

 AF(Dense) ReLU 

Output Layer AF Sigmoid 

Training 

Parameters 
Optimizer Adam 

 Learning Rate 0.001 

 Batch Size 32 

 Number of Epochs 100 

 Loss Function 
Binary Cross-

Entropy 

Validation Cross-validation 5-Fold 

Table 4. Performance analysis –proposed hybrid model 

Model Accuracy Precision Recall (Sensitivity) F1-Score ROC-AUC Score 

Logistic Regression 0.82 0.80 0.81 0.80 0.85 

Random Forest 0.85 0.84 0.86 0.85 0.88 

XGBoost 0.87 0.86 0.88 0.87 0.90 

Standalone CNN 0.84 0.82 0.85 0.83 0.87 

Standalone LSTM 0.83 0.81 0.84 0.82 0.86 

Proposed Hybrid model 0.90 0.89 0.91 0.90 0.93 

Table 4 displays the performance of several models for 

predicting HD in terms of five evaluation metrics: Accuracy, 

Precision, Recall (Sensitivity), F1-Score, and ROC-AUC 

Score. The Proposed Hybrid approach (CNN + LSTM + 

Attention) performs better than all baseline models for all 

metrics. 

 

The most accurate among the hybrid models has an 

accuracy of 90%, i.e., it does it correctly more often when 

determining whether there is HD or not, higher than the others. 

XGBoost at 87% and Random Forest at 85% lag behind, with 

the worst being Logistic Regression at 82%.  

 

The precision of 89% in the hybrid model denotes its high 

potential to accurately predict positive HD cases, reducing 

false positives. The other models, such as XGBoost (86%) and 

Random Forest (84%), are relatively low. 

 

The hybrid model's recall of 91% is the best among all, 

i.e., it captures nearly all the actual cases of HD. This is very 

crucial in medical conditions where a false negative can be 

disastrous.  Balancing precision and recall, the hybrid model's 

F1-score of 90%, again the highest among all, is a sign that 

recall and precision are being carefully balanced.  

 

The ROC-AUC score of 0.93 of the hybrid model 

indicates better discriminative power, i.e., it can differentiate 

between positive and negative cases well. XGBoost (0.90) and 

Random Forest (0.88) also indicate good values, but slightly 

less. 



Rasitha Banu Gul Mohamed et al. / IJECE, 13(5), 1-12, 2026 

9 

Fig. 3  Performance analysis – proposed hybrid model 

 

From Figure 3, it is found that the  LR method shows 

moderate predictive power in this study. It provides an 

accuracy of 0.82, with precision and recall values of 0.80 and 

0.81, respectively. Its ROC-AUC value of 0.85 attests to a 

reasonable capacity to separate cases of HD from non-disease 

cases. It lags behind the more sophisticated models, however, 

and thus testifies to the weakness of linear decision boundaries 

in handling complex medical data. 

 

Random Forest model performs much better with the 

benefit of ensemble learning via decision aggregation over 

multiple decision trees. It obtained a recall of 0.86, an 

accuracy of 0.85, and a precision of 0.84. With an ROC-AUC 

of 0.88, it shows good classification ability and balanced 

performance, and hence it is a good traditional machine 

learning model for HD detection. 

XGBoost even surpasses Random Forest with a 0.87 

accuracy and ROC-AUC of 0.90. Precision and recall are both 

higher than 0.86 and have an excellent ability to classify HD 

correctly, as well as have high sensitivity at the same time. 

This explains the strength of gradient boosting in detecting 

complex patterns in the data. 

 

The CNN model, which was trained on tabular clinical 

information, has very good performance with an accuracy of 

0.84 and an ROC-AUC of 0.87. It is better at generalizing than 

Logistic Regression, but not quite as good as XGBoost in 

terms of precision and F1-score. Its greatest strength is in 

learning spatial hierarchies within structured input features, 

but it has very bad single-model performance. 

 

 

Table 5. Performance analysis with different hyperparameter settings –proposed hybrid Method 

Method Hyperparameter Setting Accuracy Precision 
Recall 

(Sensitivity) 
F1-Score 

ROC-AUC 

Score 

Proposed 

Hybrid 

Model 

CNN (4 conv layers) + 

LSTM (2 layers, 64 units) 
0.90 0.89 0.91 0.90 0.93 

Proposed 

Hybrid 

Model 

CNN (3 conv layers, 32 

filters) + Bi-LSTM (64 

units) 

0.91 0.90 0.92 0.91 0.94 

Proposed 

Hybrid 

Model 

CNN (5 conv layers, 64 

filters) + LSTM (128 units) 
0.89 0.88 0.90 0.89 0.92 

0.82

0.85

0.87

0.84
0.83

0.9

0.8

0.84

0.86

0.82
0.81

0.89

0.81

0.86

0.88

0.85
0.84

0.91

0.8

0.85

0.87

0.83
0.82

0.9

0.85

0.88

0.9

0.87
0.86

0.93

Logistic

Regression

Random Forest XGBoost Standalone CNN Standalone LSTM Proposed Hybrid

model

Performance Analysis-Proposed Hybrid Model

Accuracy Precision Recall (Sensitivity) F1-Score ROC-AUC Score
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The LSTM model also performs similarly to CNN, but 

with a lower accuracy of 0.83 and ROC-AUC of 0.86. Its 

precision and recall indicate that it can learn sequential 

dependencies quite well. Lack of spatial feature extraction 

limits its independent performance in this case. 

 

The optimal overall performance is achieved by the 

hybrid model that integrates CNN, LSTM, and an attention 

mechanism. With an accuracy of 0.90, a recall of 0.91, and an 

ROC-AUC score of 0.93, it outperforms all other models. The 

integration leverages the local pattern capture ability of CNN, 

the temporal relationship modeling ability of LSTM, and the 

dynamic feature weighting ability of the attention mechanism 

to develop a strong, interpretable, and highly accurate 

predictive system for HD detection. 

 

Table 5 shows a comparative performance evaluation of 

various configurations of the proposed hybrid deep learning 

model for predicting HD, with emphasis on the impact of 

changing CNN and LSTM architectures on classification 

metrics. 

 

CNN (4 conv layers) + LSTM (2 layers, 64 units): This 

setup provides robust performance with 0.90 accuracy and 

ROC-AUC of 0.93, which reflects a well-balanced model.  

The four convolution layers enable the network to learn very 

detailed local information, and the two LSTM layers function 

to learn sequential patterns. With 0.89 precision and 0.91 

recall, this combination is highly sensitive with good 

generalization. 

 

CNN (3 conv layers, 32 filters) + Bi-LSTM (64 units): 

This model shows an accuracy rate of 0.91, precision of 0.90, 

recall of 0.92, and ROC-AUC of 0.94. The bidirectional 

LSTM improves the learning capability of the model both 

from the past and future contexts, which enhances the 

temporal representation of features. The use of a slightly 

smaller number of CNN layers and filters prevents overfitting, 

leading to an optimal feature learning-generalization trade-off. 

 

CNN (5 conv layers, 64 filters) + LSTM (128 units): This 

architecture indicates comparatively low performance with 

accuracy 0.89 and ROC-AUC 0.92. Perhaps the deeper CNN 

and the high LSTM layer introduced too much model 

complexity and resulted in overfitting with small clinical data. 

However, its recall value of 0.90 ensures that it is still 

performing well in the sense of identifying true positives. 

 

The second setup (CNN with 3 conv layers and Bi-

LSTM) is the best, achieving a balance of accuracy, precision, 

and interpretability. It highlights the advantage of 

architectural optimization and the strength of bidirectional 

temporal modeling in clinical prediction tasks. 

 

Fig. 4 Performance analysis with different hyperparameter settings 

 

Figure 4 shows how well three varied configurations of 

an envisioned hybrid deep learning model mixing CNN and 

LSTM (or Bi-LSTM) layers perform. Among the versions, the 

version with 3 convolutional layers (32 filters) and 1 Bi-

LSTM layer (64 units) performed better in all the performance 

metrics, acquiring the best performances in Recall (0.92), F1-

0.9

0.89

0.91

0.9

0.93

0.91

0.9

0.92

0.91

0.94

0.89

0.88

0.9

0.89

0.92

Accuracy Precision Recall (Sensitivity) F1-Score ROC-AUC Score

Performance Analysis with different hyper parameter settings- Proposed Hybrid model 

Proposed Hybrid Model CNN (4 conv layers) + LSTM (2 layers 64 units)

Proposed Hybrid Model CNN (3 conv layers, 32 filters) + Bi-LSTM (64 units)

Proposed Hybrid Model CNN (5 conv layers, 64 filters) + LSTM (128 units)
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Score (0.91), and ROC-AUC Score (0.94), accompanied by 

competitive Accuracy (0.91) and Precision (0.90). This 

indicates that adding a Bi-LSTM layer instead of a regular 

LSTM improves the model's capacity to learn sequential 

dependencies, leading to improved classification 

performance. The 4 convolutional layers and 2-layer LSTM 

(64 units) model also showed robust performance, albeit 

slightly less than the Bi-LSTM model. On the other hand, the 

setting of 5 convolutional layers (64 filters) with a deeper 

LSTM (128 units) produced the worst performance in all the 

metrics, suggesting that more depth and complexity do not 

necessarily mean superior results and might contribute to the 

model's worse generalization. In general, the results 

demonstrate the strong performance of a mid-depth CNN 

combined with a Bi-LSTM for this classification task. 

 

The better performance of the hybrid model is attributable 

to the synergy of CNN, LSTM, and attention mechanisms, 

which, when combined, capture the spatial and temporal 

features in the clinical data. The performance among the basic 

ML models that were tried, e.g., Logistic Regression, Random 

Forest, and XGBoost, despite being acceptable, did not model 

the sequential dependency or the complex interactions; the 

accuracy and recall were lower.  The standalone CNN or 

LSTM models selectively capture spatial or temporal 

information, respectively, and fail to cohesively model them 

together. In this sense, the hybrid model supports a 

bidirectional LSTM and an attention mechanism that together 

use past and future sequences, giving variable importance 

weights to different features, which can enhance the hybrid 

model's sensitivity and discrimination. This enables it to detect 

complex patterns in patient data that traditional process 

models or componentwise DL systems potentially miss. 

Compared to studies reported to date, which have only used 

either CNN-LSTM or attention-based models, we report a 

higher ROC-AUC (0.94), recall (0.92), and precision (0.90), 

and emphasize this architectural itemization to report 

robustness in identifying positive cases of heart disease, while 

at the same time minimizing false negative cases. The middle 

ground of the architecture chosen gave it enough complexity 

to generalize appropriately to the clinical setting without 

overfitting to the training data (as deeper networks performed 

worse in this study). This study gave weight to the 

optimization of the architecture and its ability to employ a 

bidirectional temporal learning capability related to clinical 

prediction tasks. 

 

5. Conclusion 
The study presents a powerful hybrid DL approach to 

predicting HD that combines the feature engineering, the 

strength of CNNs, with the sequential learning, LSTM, and 

Bi-LSTM layers. Through controlled experimentation 

involving three model configurations, the study establishes 

that the architecture consisting of three convolutional layers 

(32 filters) followed by a Bi-LSTM layer (64 units) 

outperforms in predictive accuracy. This configuration works 

better when it comes to evaluation measures like ROC-AUC, 

F1-score, accuracy, and recall, indicating a balance of 

correctly classifying positive and negative HD instances. The 

more sophisticated models, like deeper stacks of CNN or 

larger LSTM units, performed worse, as would be expected by 

overfitting and the greater challenge in training.  The retention 

of information by Bi-LSTMs from past and future time steps 

was helpful in extracting the sequence of clinical information, 

like patient history and time-series health records.  

 

The findings highlight the value of architectural 

optimization over the simple scaling of depth or size of the 

model. The suggested hybrid model is important to apply in 

real life in medicine since it is a concrete and scalable addition 

to the early diagnosis and treatment of HD. Research in the 

future can explore the application of attention mechanisms, 

multimodal fusion of data modalities like images, blood work, 

and ECG, and explainability methods to enhance the 

usefulness and transparency of the model for professionals. In 

general, the research here creates a basis for advanced deep 

learning solutions for the reduction of the impact of 

cardiovascular disease through smart data-driven predictive 

frameworks.
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